
CHAPTER 1 
 

 

INTRODUCTION 
 

 

 

1.1 OPTIMIZATION 

 
Many technical and managerial decisions are taken during the design, 

construction and management of a system. Making the right choice becomes more 

critical as the world becomes more complex and competitive every day. Scientists, 

engineers, economists and administrators strive to make their choices more transparent 

and acceptable to the general public. As a result, optimization is an essential step in 

obtaining the best result under the prevailing circumstances.  

In the 1940s, the British military faced a challenge allocating finite resources 

(such as fighter jets, warships, ammunition and food) to a variety of operations and the 

optimization is born [1]. Several researchers have developed various solutions to linear 

and non-linear optimization problems over the years. An optimization problem has a 

fitness function that describes the problem under a set of constraints and represents the 

problem's solution space. The first derivatives were determined in most standard 

optimization techniques to find the optima on a constrained map. Many derivative-free 

optimization approaches have been developed in recent years [2] since determining the 

first derivative for many rough and discontinuous optimization spaces is difficult. 

In solving optimization problems, no single optimization strategy is employed. 

Various optimization approaches have been developed in recent years to solve various 

forms of optimization problems. 

Current optimization methods (also known as nontraditional optimization 

methods) are incredibly efficient and widely used to solve complex engineering 

problems. Particle swarm optimization, neural networks, genetic algorithms, ant colony 

optimization, artificial immune systems and fuzzy optimization are some of these 

approaches [1] [3]. 

Both minimization and maximization functions fall under the umbrella of 

optimization. The terms minimization and optimization are interchangeable since the 
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maximization of any function is mathematically analogous to the minimization of its 

additive inverse [1]. 

Linear (also known as linear optimization problems) and non-linear (also known 

as non-linear optimization problems) optimization problems are the two types of 

optimization problems. Problems involving non-linear optimization are notoriously 

difficult to solve [4]. 

Optimization problems are classified as constrained optimization, 

unconstrained optimization and dynamic optimization [4-8]. 

 

1.1.1 Constrained Optimization Problems 

 

Constrained optimization problem is defined as  ��������  ��	
, 	 = �	, 	�, 	�, … , 	�
                                (1.1)                          ������� ��  �� �	
 ≤ 0, � = 1, 2, 3, … , � !                             �1.2
                           ℎ� �	
 = 0, � ! + 1, … , � ! +  �!                         �1.3
                         � 	 ∈  ℝ�                                                                      
where � ! and �! are the number of inequality and equality constraints respectively. In 

these problems, all the constraints are non-negative. 

 

1.1.2 Unconstrained Optimization Problems 

 

Numerous optimization issues put no limitations on the values that can be 

relegated to the variables of the problem. The whole search space constitutes the 

feasible space. The following characteristics characterise unconstrained optimization 

problems [1]: ��������   ��	
, 	 ∈  ℝ�                                            �1.4
                                

where n is the dimension of ℝ 

 

1.1.3 Dynamic Optimization Problems 

 
Various optimization issues have objective capacities that change over time and 

such changes in objective work cause change inside the position of optima. These sorts 

of issues are said to be energetic optimization issues [8] and characterized as �������� �(	, )* ��
+, 	 = �	, 	�, … , 	�
,                                     �1.5
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 = ()*��
, )*���
, … , )*���
+                                             �1.6
 .������ �� ��  ≤   0, � = 1,2, … , � !                                         �1.7
 ℎ� = 0, � =  � !  + 1, … , � ! +  �!                         �1.8
 

� 	 ∈  ℝ�                                                                
where )*��
, a vector of the time-dependent objective function, is control parameters 

and 	∗��
 is the optimum found at time step t. 

 

1.2 OPTIMIZATION PROBLEM SOLVING TECHNIQUES 

 
The optimization problems are solved in two different ways, (a) global 

optimization and (b) local optimization [4]. The global optimization techniques aim to 

find a global minimum or lowest function value, as well as its associated global 

minimizer whereas local optimization techniques aim to find a local minimum and its 

associated local minimizer. 

 

1.2.1 Global Optimization Technique 

 

In this technique, a global minimizer is defined as 	∗ such that ��	∗
 ≤ ��	
,                                                     �1.9
 

� 	 ∈ �                                                                       
where S is search space and also S = Rn, for unconstrained problems. 

The term global minimum refers to the ��	∗
  and 	∗ is called a global minimizer. A 

starting point, Z0 ∈ S, is needed for some global optimization methods 	∗ if 34 ∈ �. 
 

1.2.2 Local Optimization Technique 

 

 A local minimizer 	5∗ of the region L is defined as ��	5∗
 ≤ ��	
                                                       �1.10
 

� 	 ∈ 6                                                                         
where 6 � ℝ�. 

A local optimization approach can find a local minimizer of the set L in this case. 
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1.3 UNIFORM DISTRIBUTION 

 
A uniform distribution is a type of probability distribution in which any 

potential event has an equal chance of occurring. Since each variable has an equal 

likelihood of being the outcome, the likelihood is constant. 

A continuous uniform distribution is a mathematical distribution with an infinite 

number of measurable values, each of which is equally conceivable. A continuous 

uniform distribution usually comes in a rectangular shape. In discrete uniform 

distributions, the number of possible outcomes is restricted. 

Examples of Uniform Distribution 

The following bus 

arrival time in a 

bus station is 

continuous 

uniform 

distribution 

expressed in hours. 

If N raffle tickets 

are sold to N 

individuals, each 

ticket holder has 

the same chance of 

winning the draw. 

Each of the 500 

digits of π has an 

approximately 

10% chance of 

occurrence. 

When a six-sided 

die is rolled, the 

odds of getting 1, 

2, 3, 4, 5, or 6 are 

similarly probable. 

Continuous Uniform Distribution Discrete Uniform Distributions 

Fig. 1.1: Uniform distribution examples 

U (a, b) denotes the minimum and maximum values of the distribution, 

respectively. A standard uniform distribution is defined as U (0, 1). The Fig 1.1 shows 

examples for Uniform distribution. The Fig. 1.2 (a) and the Fig. 1.2 (b) show the 

uniform and non-uniform distribution as pictorial representations.  

               

Fig. 1.2(a) : Uniform distribution pictorial representation 

 

               

               

               

               

               

               

               

               

               

               

Fig. 1.2 (b) : Non-uniform distribution pictorial representation 
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1.4 FLOCK OF BIRDS DISTRIBUTED BEHAVIOURAL 

MODEL 

 
A flock of birds in flight is one of nature's most beautiful sights, parading 

plentiful juxtaposes. Flocks and other forms of organized group behaviour, such as 

schools of fish or herds of land animals, are fascinating to observe and contemplate. It 

is composed of distinct birds, but the total motion is fluid; it is simplistic but visually 

complex; it appears randomly arrayed; it is coordinated magnificently. The sense of 

deliberate, concentrated authority is the most perplexing. Regardless, all the evidence 

shows that the flock movement is merely the product of each bird acting on its local 

perceptions, ensuring indispensable productivity [5].  

Boids, which resemble birds, are used in the flocking model [9]. Position and 

velocity characterize each Boid. Boids are well mindful of what is going on in their 

immediate environment. Separation, Alignment and Cohesion are three basic steering 

behaviours exhibited by the Boids. From the Fig. 1.1 (a) to the Fig. 1.1 (c) depicts the 

boids behaviour [9]. The flock mates are directed to avoid crowding by the Separation 

behaviour. The boids can steer away from someone in their individual space to prevent 

collision using the process used here at each time point. The Alignment behaviour 

guides flock members to the typical heading of nearby flock members. The boids would 

correct their alignment by any factor at each time point, resulting in the average 

alignment of the boids in their velocity. The flock mates are pushed toward the average 

location of local flockmates by the cohesion behaviour. At each time step, a small 

velocity is applied to the birds' local vicinity's center of gravity. The Range and angle 

define the neighbourhood. Outside the immediate area, flock mates are overlooked. 

 

   

Fig. 1.3 (a):  Separation – Steer 

to avoid crowding local 

flockmates 

Fig. 1.3  (b):  Alignment – 

Steer towards the average 

heading of local flockmates 

Fig. 1.3 (c):  Cohesion – Steer 

to move toward the average 

position of local flockmates 
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1.5 PARTICLE SWARM OPTIMIZATION 

 
PSO, a nature-inspired metaheuristic algorithm popularized by Reynolds [9], 

Boid Model and Kennedy and Eberhart [10], has captivated many researchers due to its 

minimalism and vowing optimization fitness in a variety of domains and applications.  

PSO requires no problem-specific knowledge, such as gradient. It can be used 

in situations where problem-specific data is either inaccessible or prohibitively costly 

to obtain.  

PSO uses several agents (particles) that constitute a swarm moving around in the 

search space; A Swarm is a disorganised collection of moving particles that cluster 

together while each particle seems to be moving in a random direction.  

In a swarm, through calculating each particle's fitness score, which is then used 

to find the personal best position and global best position. Each particle location 

represents a potential solution to the optimization problem [7].  The global and local 

best positions are used to help particles explore the solution space more effectively by 

finding fascinating regions that would lead to more exploration and where all of this 

information would be shared with the other particles. 

Every swarm has to observe five general principles [11 - 13]. 

a. Proximity Principle: A swarm's particles should be able to react to 

environmental variation caused by interactions among them. Any basic 

habits, such as looking for living resources and making nests, are shared by 

all. 

b. Quality Principle: Swarms should be able to adapt to quality factors like 

deciding a location's safety. 

c. Principle of Diverse Response: Resources should not be confined to a 

small area. The distribution should be constructed in such a way that each 

particle is shielded to the greatest extent possible from environmental 

variability. 

d. Principle of Stability: When the environment changes, the population's 

behaviour does not change as well. 

e. Principle of Adaptability: The swarm is vulnerable to environmental 

changes, resulting in various swarm behaviour. 
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It is worth noting that principles (d) and (e) are two sides of the same coin.  

Many people worked on PSO to improve its ability to solve optimization 

problems ranging from simple to complex. PSO adjusts the particle trajectories to find 

a solution space. 

 

1.5.1 Basic Particle Swarm Optimization 

 

The PSO formulated by Kennedy [10] is the BPSO. In BPSO, each particle 

treated as a point in D-dimensional space, which adjusts itself and other neighbourhood. 

Each particle keeps track of its coordinates in the problem space; it is also linked to the 

best solution (fitness) that has been accomplished so far. This value is called particle 

best (pbest). Global best (gbest) is the other best value tracked by the BPSO and, It is 

the highest value achieved so far by any particle in the particle's vicinity. The BPSO 

concept consists of changing each particle's velocity (or accelerating) toward its pbest 

and the gbest position at each time step. Each particle attempts to change its current 

location and velocity based on its current position and pbest, as well as the distance 

between its current position and gbest. The fitness function measures the performance 

of the particle. Different problems have different fitness functions. The birds find their 

food by randomly following one of the group members who are nearest to the food. The 

birds communicate with each other to achieve the best position. The particle movement 

is shown in the Fig. 1.4. This process iterate till the food is found [14]. 

 

Fig. 1.4: Particle movement in the swarm 
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The formulation of BPSO [15 – 18] is done based on the objective function given 

in equation (1.11). The objective function quantifies the resulting solution's proximity 

to the optimal. ��	
: ℝ8 →  ℝ                                                 �1.11
 

where d is the number of dimensions in search space, S. S is a subset of ℝ8, shown in 

equation (1.11) and defined by equation (1.12). The particle search boundary is shown 

using equation (1.13). Equation (1.14) and equation (1.15) show the global optimization 

problem. S � ℝ;                                                     �1.12
 S = {=	  | =	� �  ≤ =	 ≤  =	�?@ }                      �1.13
 min@ ∈ E ��	
                                                 �1.14
 

The objective function, ��	
, needs =	  ∈ S such that: 

� =F  � S: ��=	 
  ≤  ��=F 
                                 �1.15
 

In the BPSO, a Swarm, �G, consists of n particles represented as �G ={H, H�, H�, . . . , H�}. Each Particle H  has a position in the search space represented by HI = {=	 , =	 �, =	 �, . . . , =	 ;} where S is the search space, D is the number of 

dimensions in S. Each particle Pi in S moves with a velocity Vi, represented as HJ ={=K , =K �, =K �, . . . , =K ;}. Each particle, Pi, keeps its best position, Pbi, which is 

expressed as H� = {=� , =� �, =� �, . . . , =� ;}. The best particle is chosen from the 

population of all particles and represented as HL = {=� , =� �, =� �, . . . , =� ;}.The 

equation (1.16) and equation (1.17) provide the fundamental equations governing the 

operation of the BPSO. =K 8  =  =K 8  + �  ∗  MN�O��� 
 ∗  �=�  − =	 8
                  + ��  ∗  QN�O��� 
 ∗  (HL − =	 8+       �1.16
 =	 8 =  =	 8 + =K 8                              �1.17
  

where � and �� are two positive acceleration coefficients that govern the swarm's 

relative proportion of cognition and social interactions, random() and Random() are two 

random functions in the [0, 1]. =K  8 is then clamped to a maximum velocity =K�?@, the 

parameter given by the user [19]. The first part of the equation (1.16) represents the 

particle's prior momentum, the second part represents the particle's cognition and the 

third part represents particle cooperation [10, 16] [20]. 
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BPSO uses a swarm of particles that updates from iteration to iteration to 

perform its quest. Each particle in the swarm travels in the direction of its pbest and 

gbest positions in order to find the best solution [21].  

Diversity of response is ensured by allocating responses to pbest and gbest. 

Furthermore, when gbest changes, does the population's state (mode of behaviour) 

change, following the theory of stability. Since gbest evolves, the population is 

adaptable [22, 23]. It has =��.���, �
 = NM� minRS,�,..,T[ ��H �V

]. � ∈ [1, 2, 3, … , �]                           �1.18
   

���.� ��
 = arg min S,…,�RS,�,…,T[�(H �V
+                                                                  �1.19
  
where i denote particle, n, the number of particles, t current iteration, f the fitness 

function and P is the position. 

The exploration-exploitation trade-off is used to evaluate the PSO's 

performance and accuracy. The power of a PSO to investigate various regions of the 

search space in order to locate the global optima is known as exploration. During 

exploitation, the PSO focuses on a specific area in order to find a possible solution. 

Exploration and exploitation are at odds, but a superior optimization algorithm sorts 

them out. Exploration and exploitation are controlled by the equation (1.16). It is also 

essential to remind about the law of sufficiency [24]. If the solution is good enough, 

fast enough and cheap enough, then it is sufficient. By good enough, it mean that it 

meets requirements reasonably well. By fast enough, it mean that it finishes within an 

acceptable time. By cheap enough, it mean that it uses available resources in an 

acceptable way. 

As particles tends to explore the search space hugely, the velocities of the 

particles are limited to the constant pvmax [15,  25]. The particle velocity is adjusted 

using equation (1.20). 

=K 8 = [=K 8   �� −=K�?@ ≤ =K 8 ≤ =K�?@=K�?@   �� =K 8 > =K�?@−=K�?@   �� =K 8 < − =K�?@              �1.20
  

If pvmax is larger it cause global exploration, on the otherwise smaller values encourage 

local exploitation. The value for pvmax is typically chosen as a fraction of the search 

space dimension shown as equation (1.21) [7] [25, 26], where δ is the velocity clamping 

factor. 

. 
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=K�?@ =  ^ ∗  �=	�?@ −  =	� �
 where ^ b �0, 1
               �1.21
 

As the search space, S, is bounded by the interval [=	� �, =	�?@], the velocity 

clamping [26, 27] of the particle is in the interval [-pvmax, pvmax] represented as [=K� �,  =K�?@]. The  =K�?@ is shown through the equation (1.22). 

=K�?@ =  ^ ∗ �=	�?@ −  =	� �
2                              �1.22
 

 

Fig. 1.5 : Flowchart for Basic Particle Swarm Optimization 

The direction of the particle is unchanged by velocity clamping. It just changes 

the particle's search trajectory and reduces the search size determined by velocity. The 

particle will be able to explore more effectively as the search direction shifts [25].  
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The flowchart of BPSO is shown in the Fig. 1.5. The flowchart has three parts, 

the first part is local, the second part is based on the vicinity and the last part on global 

aspects of the swarm.  Uniform distribution over the search space is typically used to 

initialize the swarm [29]. The algorithm for PSO is given in the Algorithm 1.1. 

Algorithm 1.1 : Particle Swarm Optimization 

 Input:  
Swarm Size, Dimensions, Iterations, error, fitness function 

boundaries 

 Output:  Fitness value, convergence time etc., 

 Step 1: Initialization 

1 For each Particle, Pi, in the population 

2 Initialize pxi with uniform distribution 

3 Initialize pvi randomly. 

4 Evaluate the objective function with pxi and assign the value to fitness[i]. 

5 Initialize pbesti with a copy of pxi. 

6 Initialize pbest_fitnessi with a copy of fitnessi. 

7 Initialize pgbest with the index of the particle with the least fitness. 

 Step 2: Swarm Movement 

8 Repeat until the stopping criterion is reached 

9 For each Particle, Pi: 

10 Update pvi and pxi according to the equations (1) and (2) 

11 Evaluate fitnessi 

12          If fitnessi < pbest_fitnessi then 

13 pbesti = pxi 

14 pbest_fitnessi = fitnessi 

15 
Update pgbest by the particle with current least fitness among the 

population 
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In the algorithm 1.1, the first step is the initialization of the swarm parameters 

and the second step is responsible for the swarm movement. 

 

1.5.2 gbest PSO and lbest PSO 

 

 Eberhart and Kennedy [30] and Engelbrecht [22] presented the global version 

of PSO and the local version of PSO. The global version of PSO is called gbest PSO 

and the local version is called lbest PSO.  

 In gbest PSO, each particle in the swarm moves toward pbest and gbest. In lbest 

PSO, along with pbest of the particle, the lbest is also tracked, which is attained within 

a neighbourhood of the particle.  

 The swarm movement for gbest PSO is performed using equation (1.16) and 

equation (1.17), whereas, for the lbest PSO, the swarm movement is obtained using 

equation (1.23) and equation (1.17). =K 8  =  =K 8  + �  ∗  MN�O��� 
 ∗  �=�  − =	 8
                 + ��  ∗  QN�O��� 
 ∗  �=c − =	 8
     �1.23
 

where pli is the particle local best in the neighbourhood. 

 

1.5.3 Variants of Particle Swarm Optimization 

 

Kennedy and Eberhart [10] introduced the concept of PSO, called a BPSO. 

BPSO variants are developed to improve the convergence rate based on initialization 

[31 – 43], constriction factor [44] – [47], Inertia Weight [48 – 61], mutation operator 

[62 – 69], niche mechanism [70], swarm topology [58] [71 - 83], fuzzy logic [57] [74 

– 79], parallelism [80 – 85], dynamic hierarchy [86, 87], p and q parameter [88], multi 

swarm [89]. 

 

1.5.4 PSO Parameters 

 

 The efficiency of the PSO algorithm is affected by several parameters. The PSO 

parameters [5, 17] [90 - 92] swarm size, acceleration coefficients, velocity components, 

the number of iterations, neighbourhood, velocity clamping thresholds and inertia 

weight have an impact on the convergence of the PSO. Any of these parameter values 
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and choices have a significant influence on the performance of the PSO approach for 

any given optimization problem, whereas others have little or no impact [4, 5] [93].  

 

1.5.4.1 Swarm Size 

 

The number of particles n in a swarm is known as swarm size or population size. 

More significant portions of the search area are covered each iteration by a massive 

swarm. The number of iterations required to achieve a successful optimization outcome 

may be reduced if there are many particles. On the other hand, large numbers of 

particles increase the computational complexity of every iteration, making it more time-

consuming. According to various observational tests, most PSO implementations use a 

swarm scale interval of n ∈ [20, 60] for the swarm size. The optimal swarm sizes are 

problem-dependent. A smooth search space needs fewer particles than a rough surface 

[94]. 

 

1.5.4.2 Acceleration Coefficients 

 

The stochastic effect of the perceptual and social elements of the particle's 

velocity is maintained by the acceleration coefficients and c1 and c2 and the random 

values random and Random. The constant c1 represents a particle's confidence in itself, 

while c2 represents a particle's confidence in its neighbours [5]. 

 

1.5.4.3 Velocity Components 

 

For updating the particle's velocity, the velocity components are critical [4]. 

There are three velocity terms in equation (1.16). 

 The inertia part is the first term in equation (1.16) and it offers a recollection of 

the previous flight path, which implies movement in the recent past. This term acts as 

momentum, preventing the particles from abruptly changing their trajectory and biasing 

them in the same direction. 

 The second term is the cognitive term, which tests the particle's output 

compared to previous performances. This portion appears to be an individual memory 

of the particle's optimal location. The cognitive component's influence reflects the 
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particle's proclivity to return to roles that have previously rewarded them. The nostalgia 

of the particle is a cognitive aspect. [4, 5]. 

 The third term is the social term, which determines how well particles compare 

to a group of particles or neighbours. The social aspect is that each particle flies to the 

best location discovered by the particle's neighbours [4, 5]. 

 

1.5.4.4 Iterations 

 

A large number of iterations adds excessive computational complexity, while a 

small number of iterations may cause the quest to end prematurely. The number of 

iterations needed to arrive at a satisfactory solution is also determined by the problem 

[4, 5]. 

 

1.5.4.5 Neighbourhood 

 

The swarm's topology establishes a metric of how connected its members are to 

one another. It refers to a subset of particles with which a particle may begin 

communication [95]. The neighbourhood affects a particle's movement and decides the 

degree of social activity within the swarm. There is less interference when the swarm's 

neighbourhood is small [5] and when it is high, convergence is quicker, but there is a 

chance of premature convergence. 

 

1.5.4.6 Velocity Clamping 

 

 Velocity clamping is proposed by Eberhart and Kennedy [10] to prevent particle 

motions in the quest space from exploding due to particle velocities being accelerated. 

The particles are kept from accelerating very quickly by velocity clamping [28]. A 

constant, Vmax, was used to arbitrarily limit the velocities of the particles and improve 

the convergence of the search [19]. 

 

1.5.4.7 Inertia Weight 

 

Shi and Eberhart [48] proposed the IW, ω, to minimize velocities over time (or 

iterations), manage the swarm's discovery and manipulation abilities and more 

precisely and effectively converge the swarm. If the value of �  is greater than or equal 
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to 1, the velocities will rise with time and particles will be unable to change their 

trajectory in order to return to the optimum, causing the swarm to diverge. If ) ≪ 1,  

only a small amount of momentum from the previous stage is retained and rapid 

direction changes are needed. If ω = 0, the velocity of the particles vanishes and all 

particles travel without knowing the previous velocity in each phase [2]. 

 

1.5.5 Applications of PSO 

 

Poli [20] and Zhang et al. [98] gave an overview of PSO implementations. Table 

1.1 lists the different PSO applications on which there is literature. 

Table 1.1: Applications of PSO 

S.No. Application Areas 
 

S.No. Application Areas 

1 Antennas 
 

16 Fuel and Energy 

2 Automated Control Systems 
 

17 Fuzzy and Neuro-Fuzzy 

3 Biological Engineering 
 

18 Graphics and Visualization 

4 Biomedical 
 

19 Image and Video 

5 Chemical Engineering 
 

20 Mechanical Engineering 

6 Clustering and Classification 
 

21 Metallurgy 

7 Combinatorial optimization 
 

22 Modelling 

8 Communication Networks 
 

23 Neural Networks 

9 Design 
 

24 Power Systems and Plants 

10 Distribution Networks 
 

25 Prediction and Forecasting 

11 
Electronics and 

Electromagnetics 

 
26 Robotics 

12 Engines and Motors 
 

27 Scheduling 

13 Entertainment 
 

28 Security and Military 

14 Faults 
 

29 Sensor Networks 

15 Finance 
 

30 Signal Processing 
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1.5.6 Advantages and Disadvantages of PSO 

 
In solving optimization problems, PSO is incrementally used. Some advantages 

[99 – 101] and disadvantages [2] [101, 102] of PSO are discussed below: 

 

1.5.6.1 Advantages 

 

• It is a derivative-free technique 

• greater ease and simplicity in implementation 

• It is robust. 

• Few parameters to fine-tune. 

• Ensure faster convergence in a short time. 

• Comparatively less dependent on initial values than other optimization 

techniques 

• Able to run the parallel computation 

• Do not mutate 

• Efficient in solving complex problems 

 

1.5.6.2 Disadvantages 

 

• Difficulty in providing a good set of initial values. 

• The partial optimism of the PSO algorithm degrades the control of its speed and 

direction. 

• It is easy to drop into a local optimum in high-dimensional space and the 

iterative process has a poor convergence rate. 

 

1.6 BENCHMARK FUNCTIONS 

 

 The accuracy of metaheuristic algorithms is evaluated using benchmark test 

functions [96]. Effective methods for solving real-world problems are algorithms that 

perform well on a series of numerical optimization problems.  It is difficult for 
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researchers to choose functions that can accurately assess the robustness of a proposed 

metaheuristic algorithm. Since no universally accepted test-bed exists, different 

researchers choose different sets of functions with different configurations. Modality, 

basins, valleys, separability and dimensionality are the characteristics that distinguish 

benchmark functions [97]. 

 

Ackley: It is an n-dimensional, continuous, multimodal, non-convex, differentiable 

benchmark function. The Interval is [-32, +32] and best fitness value at f(0) = 0. 

 

��	
 =  − 20 exp �−0.2 g1� h =�.8�
�

8S − exp�1� h cos � 2l�
8S =�.8

 +   20 +  exp �1
        �1.24
 

 

Alpine: It is an n-dimensional, non-separable, multimodal, non-convex, differentiable 

benchmark function. The Interval is [0, 10] and best fitness value at f(0) = 0. 

 

 ��	
 =  h|=�.8 . sin(=�.8) + 0.1 =�.8|
�

8S
                                     (1.25) 

 

Rastrigin: It is an n-dimensional, continuous, differentiable, separable, multimodal, 

convex benchmark function. The Interval is [-5.12, +5.12] and best fitness value at f(0) 

= 0. 

�(	) = 10 . � + h(=�.8� − 10 . cos(2l=�.8)
�

8S
)                                     (1.26) 

 

Rosenbrock: It is an n-dimensional, continuous, differentiable, non-separable, 

multimodal, non-convex benchmark function. The Interval is [-5, 10] and best fitness 

value at f(1) = 0. 

�(	) = hU100 . (=�.8m −  =�.8�)� + (1 −  =�.8)�W
�

8S
                      (1.27) 

Sphere: It is an n-dimensional, continuous, convex, differentiable, unimodal, separable 

and convex benchmark function. The Interval is [-5.12, +5.12] and best fitness value at 

f(0) = 0. 
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��	
 = h =�.8�
�

8S                                                                    �1.28
 

 

Step 2: It is an n-dimensional, discontinuous, non-differentiable, separable, scalable, 

unimodal and non-convex benchmark function. The Interval is [-100, +100] and best 

fitness value at f(0.5) = 0. 

��	
 = h�⌊=�. + 0.5⌋
��
 S                                                   �1.29
 

 

Step 3: It is an n-dimensional, discontinuous, non-differentiable, separable, scalable, 

unimodal and non-convex benchmark function. The Interval is [-100, +100] and best 

fitness value at f(0) = 0. 

��	
 = h�⌊=�. ⌋
��
 S                                                         �1.30
 

 

De Jong F4: It is an n-dimensional, continuous, differentiable, separable, scalable, 

unimodal benchmark function. The Interval is [-1.28, +1.28] and best fitness value at 

f(0) = 0. 

��	
 = h � .  =�. p + �N�..�0,1

�
 S                                                �1.31
 

 

Quartic: It is an n-dimensional, continuous, differentiable, separable, scalable, 

multimodal and non-convex benchmark function. The Interval is [-1.28, +1.28] and best 

fitness value at f(0) = 0. 

��	
 = h � .  =�. p + MN�O��[0,1
�
 S                                            �1.32
 

 

Schwefel 2.26: It is an n-dimensional, continuous, differentiable, separable, scalable, 

multimodal and non-convex benchmark function. The Interval is [-500, +500] and best 

fitness value at f(x) = -418.983 when 	 =  ±[l �0.5 + V
]�. 

��	
 = 1� h =�.  .  .��r|=�. |
�

 S
                                           (1.33) 
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Modified Rastrigin: It is an n-dimensional, continuous, differentiable, separable, 

multimodal, convex benchmark function. The Interval is [-5.12, +5.12] and best fitness 

value at f(0) = 0. 

��	
 =  10 − h�=�. � − 5 . cos�2l=�. 
�
 S 
                                     �1.34
 

 

1.7 THE RESEARCH ISSUES AND OBJECTIVES 

 
The impact of parameters in PSO are assessed and tuned with deep learning 

methods to avoid premature convergence & trapping in a local minimum and the 

improved PSOs performance compared with at least two existing state of the art 

techniques. 

The research works [68, 83] [88] show that parameter IW has a more significant 

impact on the swarm convergence. It is observed that as the swarm size and number of 

dimensions increase, PSO's performance is declining.  Tuning the parameter IW shows 

that the PSO performance will be improved. 

 DLT like CNN, Recurrent Neural Network (RNN), and LSTM are widely used 

in different domains of research. In this context, CNN and LSTM may predict the new 

Inertia Weight based on the earlier computed inertia weights. The prediction of IW will 

be continued till either the stopping criteria reached or the optimal solution is found. 

Based on the research gaps, the following are research objectives are proposed. 

• Objective 1: To analyse and assess the influence of parameters, Swarm Size, 

Acceleration Coefficients (c1, c2) and IW (ω) in the IWPSO. 

• Objective 2: To design and develop an IWPSO, which predicts IW using CNN 

model, to improve the performance of IWPSO, the model is called CNNIWPSO. 

• Objective 3: To design and develop IWPSO, which predicts IW using LSTM, to 

improve the performance of IWPSO, called LSTMIWPSO. Validating the 

performance of CNNIWPSO and LSMTIWPSO with existing IWPSO variants 

CIWPSO, RIWPSO and LDIWPSO with state-of-the-art Congress on Evolutionary 

Computing (CEC) Benchmark functions. 
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1.8 THESIS ORGANIZATION 

 

 The organization of the thesis shall include the following contents as 

explained below: 

i. Chapter 1: This chapter provides a thorough overview of Optimization, 

PSO, PSO’s advantages and disadvantages, applications and benchmark 

functions which evaluate the performance of metaheuristic algorithms. 

This chapter mainly covers the thesis's core purpose as well as its goals 

and objectives. 

ii. Chapter 2: This chapter examines the existing literature in greater detail. 

PSO is a well-known term with a large body of literature to cover. 

However, since this is the most critical aspect of the research, all relevant 

topics from the literature will be investigated. 

iii. Chapter 3: This chapter deals with analysis and assessment of the impact 

of acceleration coefficients c1, c2 and inertia weight ω in IWPSO. 

iv. Chapter 4: This chapter elucidates the design and development of an 

IWPSO which predicts IW using CNN model, to improve the 

performance of IWPSO, called CNNIWPSO and validating the 

performance of CNNIWPSO with existing CIWPSO, RIWPSO and 

LDIWPSO using state-of-the-art CEC Benchmark functions. 

v. Chapter 5: This chapter elucidates the design and development of an 

IWPSO which predicts IW using LSTM model to improve the 

performance of IWPSO, called LSTMIWPSO and validating the 

performance of LSTMIWPSO with existing CIWPSO, RIWPSO and 

LDIWPSO using state-of-the-art CEC Benchmark functions. 

vi. Chapter 6: This chapter summarizes the result of all objectives in the 

study and briefs the conclusion along with future scope of work. 

vii. Chapter 7: List of the References. 


